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Abstract: The objective of this paper is to use remote sensing to measure on-road emissions and to
examine the impact and usefulness of additional measurement devices at three sites. Supplementing
remote sensing device (RSD) equipment with additional equipment increased the capture rate by
almost 10%. Post-processing of raw data is essential to obtain useful and accurate information.
A method is presented to identify vehicles with excessive emission levels (high emitters). First,
an anomaly detection method is applied, followed by identification of cold start operating conditions
using infrared vehicle profiles. Using this method, 0.6% of the vehicles in the full (enhanced) RSD
data were identified as high emitters, of which 35% are likely in cold start mode where emissions
typically stabilize to low hot running emission levels within a few minutes. Analysis of NOx RSD
data confirms that poor real-world NOx performance of Euro 4/5 light-duty diesel vehicles observed
around the world is also evident in Australian measurements. This research suggests that the
continued dieselisation in Australia, in particular under the current Euro 5 emission standards and
the more stringent NO2 air quality criteria expected in 2020 and 2025, could potentially result in local
air quality issues near busy roads.
Keywords: remote sensing; on-road; emissions; motor vehicle; road traffic; cold start; high emitter;
NOx; NO2
1. Introduction
Motor vehicles are a major source of air pollution and greenhouse gas (GHG) emissions in urban
areas around the world. The close proximity of motor vehicles to the general population makes this a
particularly relevant source from an exposure and health perspective [1].
A comprehensive measurement of vehicle emissions in urban networks is cost-prohibitive due
to the large number of vehicles that operate on roads with different emission profiles, large spatial
and temporal variability in vehicle activity, and a range of real-world factors that influence emission
levels [2]. Several methods are used to measure vehicle emissions, such as on-board emission
measurements (PEMS), remote sensing, near-road air quality measurements, and tunnel studies.
However, all methods have their own strengths and weaknesses, and the weaknesses in particular
must be clearly understood and explicitly considered in any subsequent use of the emissions data, e.g.,
model development and validation [3].
Following on from earlier remote sensing work [4,5], the objective of this paper is to use remote
sensing to measure on-road emissions and to examine the impact and usefulness of additional
measurement devices. This study took a step further than ‘conventional’ remote sensing programs,
with the specific aim to examine data accuracy, enhance data capture rates, and potentially address
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specific issues (bias) that relate to the use of remote sensing. The particular focus of this paper is
on improving remote sensing device (RSD) capture rate, high emitter detection, (on-road) cold start
detection, and trends in measured NO vehicle emissions.
2. Methods
2.1. Site Selection
An on-road measurement campaign was conducted at three locations in Brisbane, Australia. The
sites were selected to represent different types of adjoining land use and therefore distinct situations
regarding fleet mix and driving behavior. The sites were a freeway on-ramp (FWY) (Macgregor 4–5
September 2018), a heavily trafficked urban road (URB) (Taringa 6–7 September 2018), and a commercial
road in an industrial area (COM) (Eagle Farm 20 February 2019). Figure 1 shows the test sites.
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2.2. On-Road Instruments and Procedures
Different types of instrumentation were used to measure emissions, local air quality, and traffic
activity and performance. Table 1 presents an overview of equipment used for each site. All sites
were instrumented with a remote sensing device (RSD), a dedicated second license plate camera and a
thermal imaging camera. On two sites, loop detectors and a network of Bluetooth MAC address units
were also installed. On one site, two integrated air quality monitoring stations and speciated VOC
sampling equipment were also used. In addition, two test vehicles were tested on a dynamometer and
then driven multiple times past the RSD at one site.
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Table 1. Overview of equipment used at each measurement site.
Equipment * Site
Urban Freeway Commercial
Accuscan RSD4600 (e, v, a, l) × × ×
Reconyx MS7 Microfire (l) × × ×
Noptic Thermal Camera (t) × × ×
Pneumatic Loop Detectors (c, v, a) × ×
Bluetooth MAC address units (p) × ×
AQM65, Summa Canisters, Met Station (q) ×
Dynamometer (e, v, a) ×
* (e = emission; v = speed, a = acceleration, l = license plate detection, t = thermal vehicle profile, c = traffic count,
p = vehicle position tracking, q = air quality and meteorological monitoring).
An Accuscan RSD4600 was used to measure vehicle emission concentrations of CO, NO, HC,
‘UV smoke’, and CO2, and includes a Source Detector Module (SDM), a speed-acceleration bar, and
a video camera to capture an image of the vehicle’s license plate number (LPN) [6]. The remote
sensing system uses the principle that the majority of gases will absorb light at particular wavelengths.
It measures on-road emissions by absorbance of ultraviolet (UV) and infrared (IR) light across an open
(optical) path using wave-length specific detectors for different air pollutants. The RSD consists of an
IR component for detecting CO, CO2, and HC, together with an UV spectrometer for measuring NO.
A specialized license plate number camera (Reconyx MS7 Microfire, Holmen, Wisconsin, USA)
was installed about 15 m upstream from the RSD to provide complete information of the on-road traffic
composition. In addition, a thermal imaging camera (Noptic Thermal Camera, Strategic Innovations,
STH1000, Strategic Innovations, Melbourne, Australia) was used at the RSD site to record, visualize,
and analyze the thermal profiles of individual vehicles.
Three sets of automatic pneumatic loop detectors were installed at two sites for a period of two
weeks to collect traffic count data and speed and acceleration data for individual vehicles (refer to
Section 3.3). Rubber tubes are placed across traffic lanes and when a pair of wheels hits the tube, air
pressure in the compressed tube activates a recording device that notes the time of the event. Based
on the pattern of these times, the device will match each compression event to a particular vehicle
according to a vehicle classification scheme. Two tubes attached to the same counter can be placed a
set distance apart in order to determine speed by measuring the interval between the time an axle hits
the first tube and the time it hits the second tube. The loop pairs (i.e., two closely spaced loops) had a
separation distance of 1 m. The distance between the loop pairs was 15 m and 20 m for the URB and
FWY sites, respectively. The middle loop set was located as close to the RSD acceleration/speed bar as
possible (about 2 m upstream). Data loggers were set to an atomic clock.
Bluetooth MAC address units were installed in the road network around the measurement sites,
with the aim of tracking individual vehicle movements in time and space before the RSD measurement
took place.
Two integrated air quality monitoring stations (AQM65) were installed at one site (URB), 7 m
upstream of the RSD SDM and on both sides of the road (1 m from road markings and on the kerb) to
monitor on-road minute-by-minute ambient concentrations. Local meteorology (wind speed/direction,
temperature, humidity, etc.) was measured using a Vaisala WXT520. Summa canisters were also
installed on site to provide VOC speciation of on-road emissions. The air quality results are discussed
in a separate paper.
A portable transient vehicle dynamometer (Mustang Model MD1000, Twinsburg, Ohio, USA)
was used to measure instantaneous emissions of two test vehicles (MY 2016 Euro 4 diesel 4WD Ford
Ranger and a MY 2017 diesel Euro 5 4WD Ford Ranger). The same test vehicles were also driven
multiple times past the RSD. A special driving cycle was developed specifically for this study. The
dynamometer emission testing results are discussed in a separate paper.
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3. Results and Discussion
The collective set of measurements provides a rich and unique database that can be analyzed in
various ways. This paper presents the results of selected and specific analyses. The reader is referred
to the following papers: (1) detecting cold start vehicles using thermal imaging and Bluetooth units [7]
and (2) on-road air quality and remote sensing [8].
3.1. The Remote Sensing Database
Vehicle emission RSD measurement requires valid concentration and valid speed-acceleration
readings, as well as a clear image of the license plate. The latter is required to retrieve essential
information regarding vehicle class (e.g., vehicle type, fuel type, weight) and vehicle technology (year
of manufacture, Euro standard). Other information such as vehicle make/model and residential address
can also be useful, allowing for specific data analysis.
A total of 13,011 vehicles were measured by the RSD at the three sites, with 8813 valid emission and
speed/acceleration measurements (68%) and 8194 valid samples with recorded license plate numbers
(63%). Cross-referencing LPNs with the Queensland vehicle registration database resulted in 7889
vehicles with a valid LPN, i.e., a 61% overall capture rate in the RSD data, defined as a proportion of
the total number of RSD samples. As a large portion (~40%) of the RSD measurements could not be
used, reduction of data loss using additional equipment was examined.
3.2. Reduced Data Loss Using a Second Camera
The RSD measurements include a subset of valid concentration and speed-acceleration readings,
but invalid RSD vehicle images. RSD images can be illegible (e.g., dirty LPN) or out of view. In fact,
619 RSD measurements (5%) had valid emissions and speed/acceleration readings but the LPN could
not be retrieved from the RSD image.
The second LPN (Reconyx) camera is located further away from the road. It provides good picture
quality and has a wider view. Hence, it is able to capture vehicles that are out of view for the RSD
camera or suffer from poor picture quality.
Images taken with the specialized license plate camera were used to both verify and supplement
the RSD database. Vehicle images collected by both the RSD and LPN camera were put through an
automated LPN recognition process. The Open Automatic License Plate Recognition ALPR [9] open
source software library was used to automate the identification of vehicle number plates from a total of
65,046 images (RSD 13,009 and LPN Camera 52,037 images) within a Microsoft Windows operating
environment. The Open ALPR API was chosen for its advanced configuration options and availability
in many popular software languages. Adobe Photoshop was used to pre-process images in order to
convert images to grayscale and increase the levels of contrast and brightness to improve readability by
Open ALPR. Python was used to automate the collection of the output from Open ALPR, extract image
file metadata, and summarize results into CSV format. The process was completed with a manual
check where missing LPNs were determined by visual inspection of the images.
The dedicated LPN camera provided LPN information for an additional 541 vehicles, leading
to reduced data loss and an increase in overall RSD capture rate from 8194 vehicles (63%) to 8735
vehicles (67%). Only 78 vehicles remained with valid emissions and speed/acceleration readings, but
without LPN information. It is noted that the second camera may also reduce potential bias in the RSD
database, as vehicles missed by the RSD could be dominated by older dirtier and/or smoky vehicles.
3.3. Reduced Data Loss Using Vehicle Loop Detectors
Automatic loop detectors provide vehicle count and vehicle speed data. Acceleration can be
computed for individual vehicles using the recorded (change in) speed values across the three loop
detector sets. Raw loop speed and count data were post-processed to link the loop and RSD databases.
R code was written to time-align and combine the relevant data (time stamp, speed, vehicle class,
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and wheel-base) from three individual loop sets at each site and subsequently determine speed and
acceleration values for individual vehicles. The code specifically deals with data gaps that occur
randomly in the loop detector data using a set of predefined rules. The rules are: (a) vehicle time
stamps must be sequential in time when a vehicle moves from loop set 1 to 3, (b) time differences must
be within a pre-determined vehicle speed-dependent tolerance, and (c) the measured wheel base must
be within 4% of the mean value for each individual vehicle.
For the Urban and Freeway on-ramp sites the RSD collected 810 valid concentration measurements
with invalid (or missing) speed and acceleration readings, representing a significant loss of data (7%).
The loop detectors provided data for an additional 611 vehicles of which 584 had valid LPNs. Hence,
RSD capture rate for the two sites increased significantly. In principle, loop detector data can be used
to provide valid speed and acceleration data for these missed vehicles.
3.4. Expanded Remote Sensing Database
Before expansion, the RSD database with 13,011 records contained 7889 vehicles with valid
measurement data. This corresponds to a 61% capture rate, which is defined as a proportion of the
total number of RSD samples. The second LPN camera increased the capture rate to 65% and the loop
detector speed/acceleration data increased this further to 69%. As a consequence, valid RSD emissions
data were collected for a total of 8991 vehicles. This is a good overall result since capture rates for RSD
studies are typically about 30–70% (NIWA, 2015).
3.5. Vehicle Counts Using Multiple Instruments
RSD does not capture all vehicles passing the RSD, i.e., a variable proportion of the on-road fleet
is missed. The extent depends on traffic conditions (fleet mix, level of congestion, etc.) and weather
conditions (rain, overcast/sunny, time of day, etc.). This means that the actual capture rate in terms
of the on-road fleet is lower than the capture rate that is commonly defined as the proportion of all
recorded RSD measurements.
To examine the significance of this issue, RSD ‘vehicle counts’ were cross-checked and compared
with two independent measurement devices, i.e., loop detector count data and Reconyx ‘vehicle counts’.
Note that ‘vehicle counts’ from the RSD and Reconyx cameras are simply computed by tallying the
number of images that are taken within a specific time period (hour). This was done through an
automated pre-processing and LPN recognition process, as was discussed before.
RSD images are actuated by vehicles passing the speed/acceleration bar and each image represents
a unique vehicle. This is, however, not the case for the Reconyx camera, which is triggered by any
movement (tree moving in the wind, car, truck, bicycle, etc.). As a consequence, several images
are often taken for the same vehicle as it moves away from the camera. This is beneficial for LPN
recognition, as multiple images increase the chance of obtaining clear LPN readings. However, for
vehicle counting, unique vehicle images are required. Additional code (R) was therefore created to
clean up the raw image database by (1) removing repeated LPNs in subsequent time stamps and (2)
removing LPNs from stationary (parked) vehicles.
The loop detectors provide classified vehicle count data. These data show that the proportion
of heavy-duty vehicles (HDVs) varies with time and location but is, on average, 9% at the FWY site,
and 8% at the URB site. The HDV proportion at the commercial site is higher: 23%. Note that no loop
detectors were installed at the commercial road site and that traffic counts are based on analysis of
RSD and LPN camera images only.
Figure 2 shows traffic count data derived from three types of equipment (loop detectors, LPN
camera, and RSD) and broken down by vehicle type (light duty vehicle-LDV and heavy-duty
vehicle-HDV).
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Figure 2 shows that count data fro the LPN ca era using auto ated i age processing are
generally co parable with the hourly loop counts, with an average capture rate of 95 (standard
deviation ± 11%). The count data using RSD images is generally lower with an average capture rate of
90% (standard deviation ± 14%). This suggests that the LPN camera tends to capture ost on-road
vehicles and can potentially be used as an alternative (classified) vehicle count device, after proper
post-processing of the raw data. This ay be a suitable option in the absence of loop detectors, which
are relatively expensive to install and operate.
This approach as chosen for the co ercial road site here loop detectors ere not installed.
The LP and RSD ca era data indicate a relatively constant traffic volu e during the easure ent
period, ith an average value of 186 and 130 vehicles per hour, respectively.
ote that Figure 2 shows the results for all unique vehicle images for the LPN camera, whereas the
RSD data shows the count data for valid RSD measurements only (7889 out of 13,011 measurements).
The count results for the RSD give an indication of the proportion of valid vehicle emission measurements
within a particular hour. There is significant variability, as can be seen in Figure 2. On average the
actual capture rate, expressed as the proportion of total hourly vehicle counts, is 55%. This is lower
than 61% expressed as proportion of the total number of RSD samples. Figure 2 shows that the actual
capture rate exhibits a significant hourly variation between 21% and 72%.
3.6. Speed and Acceleration
Sp ed and a c leration data are relevant as they are used to compute vehicle specific power (VSP),
which is used to determine on-road engine power and describe driving conditions. VSP is expressed
as kW/ton and is computed using the following equation [10]
VSP = 1.1 ν a + 9.81 ν g + 0.213 ν + 0.000305 ν 3 (1)
the variables ν, a, and g represent vehicle speed (m/s), acceleration (m/s2) and gradient (rise/run).
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Figure 3 shows the speed and acceleration distributions measured by both loop detectors and
RSD. The two-sample Kolmogorov-Smirnov test computes p values < 0.001 for both the speed and
acceleration distributions, which confirms that the distributions measured with the RSD and loop
detectors are significantly different. The measured average speed and average positive acceleration
are 27 km/h and +1.8 m/s2 (RSD) and 31 km/h and +0.2 m/s2 (loops), respectively. The acceleration
distributions suggest rather constant speed driving.
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Figure 3. Comparison of remote sensing devices (RSDs) and loop detector speed and acceleration data.
RSD speeds vary between 0 and 90 km/h and have a larger range compared with the loop
detector data (6–69 km/h). The difference is (partly) explained with the short distance of the RSD
speed-acceleration bar (0.9 m) versus the longer distance loop detector distances (30–40 m). For a
travel speed f 50 km/h, it will take a vehicle about 0.05 s to pass the RSD bar and 2–3 s t pass
the loop detectors, providing longer averaging times (and hence reduced variability) in the loop
s eed measurements.
Nevertheless, RSD speeds exceeding 70 km/h appear unrealistic for this urban site with a speed
limit of 60 km/h, and indeed these speeds are flagged as i valid by the RSD. A small portion (2%) of
the RSD measurements are recorded as zero spee and are also flagged as invalid, whereas the loop
detectors report vehicle speeds between 10 and 54 km/h for these vehicles. The left chart in Figure 3
suggests there is tendency for the RSD to report speeds that are too low, which will affect the accuracy
of VSP estimates.
The RSD reports extreme and unrealistic accelerations varying from −110 m/s2 to +138 m/s2,
which are flagged as invalid by the RSD. Valid RSD accelerations vary between −6.0 and +4.4 m/s2,
whereas the loop detectors have a much narrower range and vary between −1.4 and +1.9 m/s2, as is
shown in Figure 3. Note that the acceleration axis range in Figure 3 is capped at ±4 m/s2 for readability
purposes, and that 5% of the RSD data are not shown as a result.
It is clear that the use of loop detector speed and acceleration data instead of RSD data will lead
to substantially different VSP estimates. In this paper the VSP values provided by the RSD have
been used. However, in future papers the impact of loop detector data on the analysis results will
be explored.
3.7. High Emitter Detection
Vehicle fleet emissions are dominated by a small percentage of ‘high-emitters’ with excessive
emission lev ls. Th has been confirmed by laboratory test pro rams [11], remote ens ng studies [12]
and tunnel studie [13]. This skewness in emission dis ributi ns is—at least to som extent— ue to
the variability in emission profiles by veh cl type, the progressive introduction of cleaner gine, and
catalyst technology into the vehicle fleet and ageing effects of the in-use fleet.
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The skewness of emission distributions for CO, hydrocarbons (HC), and NOx as measured
with RSD has increased over the last decade [14], whereas fleet-averaged emissions have decreased
considerably. Bishop et al. [15] noted that 1% of on-road vehicles in the USA contributed about 10% to
total vehicle emissions in the late 1980s and that this contribution of 1% of on-road vehicles now has
increased to about 30%. This change in on-road emission profiles reflects two main trends: (1) the
penetration of cleaner vehicles into the fleet over time due to increasingly strict emission standards
and improved control technologies with emissions behavior that is characterized with generally
low emission levels and brief and large emission peaks; and (2) the presence of vehicles that have
excessive emissions, for example due to engine issues, malfunctioning or partly functioning emission
control systems, incorrect repairs, lack of servicing and maintenance, poorly retrofitted fuel systems or
even tampering.
Remote sensing has been used as a roadside real-time vehicle emissions information system to
identify these high-emitting vehicles [16,17]. High emitters are considered to be outliers or anomalies
in a statistical sense, i.e., observations with characteristics that are identified to be distinctly different
from the other observations. Outliers can be determined in various ways e.g., through examination of
univariate and multivariate distributions and at different scales.
Outliers are observations that fall at the outer ranges of the distributions. Observations may occur
normally in the outer ranges of a distribution, so this study made an attempt to identify the truly
distinctive observations and designate them as anomalies. Outliers can be detected using ‘standard
z-scores’. A z-score represents the difference between the observation and the mean in terms of the
number of standard deviations. The z-score is negative when the observation is below the mean and
positive when above.
There is, however, one issue with this approach. Vehicle emissions are highly skewed with long
tails to the right, reflecting occasional emission spikes. Outlier detection using z-scores assumes an
(approximate) normal distribution. As a consequence, RSD emissions data need to be transformed
before outlier detection can be applied. The aim is to achieve an approximately symmetrical and
normal distribution of observed emission rates.
The Box-Cox procedure (R boxcoxfit function) has been used to automatically select the best data
transformation from a family of power transformations. Since power transformations require all values
to be positive, this procedure includes the option for an automatic location shift. The transformed data












where xi is the vehicle-specific RSD observation i, zi is the (transformed) z-score for observation xi, λ is
the power transformation parameter, γ is the location shift parameter required, µ* and σ* are the mean,
and standard deviation of the transformed data sample, respectively. The z-scores are standardized such
that their mean is equal to 0 and standard deviation equal to 1. The two-sample Kolmogorov-Smirnov
test is used to test if the (transformed) z-scores have achieved a normal distribution (p > 0.05). Z-score
values larger than 3.5, implying that the transformed data value is 3.5 standard deviations (σ*) away
from the mean, are considered to qualify as an anomaly and are identified as a high emitter, if pollutant
ratios are larger than the mean value.
Figure 4 visualizes the approach. The top left chart shows the observed emissions distribution
(n = 51), and the top right chart shows the same distribution after data transformation using λ = 0.2.
To verify normality of the transformed distribution, the bottom plots show a quantile-quantile (QQ)-plot
(left) and empirical cumulative distribution function (ECDF) plot (right). The ECDF plot graphically
shows the probability that the z-score takes a value of less than or equal to X. The x-axis presents
the allowable domain for the probability function. Since the y-axis represents probability, it must fall
between zero and one. It increases from zero to one as we go from left to right on the horizontal axis.
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The Kolmogorov–Smirnov (KS) test p-value is 0.98, which confirms that the transformed
distribution f z- or s (blue line) is not significantly diff nt from a ormal distr bution (red
line). No observations with z-scor s larger than 3.5 σ* w r found for this particular vehicle category
and pollutant, implying there were no high emitters in this sample.
For the full (enhanced) dataset (n = 8991 vehicles), 52 high emitters (0.6%) were identified with
the method described in this section. The 3.5 σ* criterion can be relaxed to identify more outliers
and high emitting vehicles. However, it should be considered that several vehicles can have high
emissions while still being part of the natural distribution of emissions of the on-road fleet for the same
technology class. The objective is to identify emission anomalies, i.e., vehicles with excessive emission
levels du t t chn logical issues (including tampering) which could pot ntially be addressed through
inspection and maintenance programs, for example.
It is noted that classification for anomaly testing can be refined further and include VSP bins, in
addition to vehicle category and pollutant, but that this would require a larger database than used in
this study. As an intermediate solution, identified an malies with high VSP values ≥ 40 kW/ton could
be removed, considering that high speed/acceleration con itions are likely to cause high emission
levels. The 52 identified vehicles had low to moderate VSP values between −12 and +16 kW/ton.
3.8. High Emitters in Cold Start Mode
Vehicles may have excessive emissions due to technical issues with the engine or emission control
system. However, cold starts also lead to short periods with high emissions.
Vehicle emissions are significantly elev ted in cold start conditions and are particularly relevant
in cold climates. At initial start-up the vehicle engine and emission control systems are cold (ambient
temperature), which means more fuel is required and emission control efficiency is reduced and
often very low. In contrast, stabilized and low emission hot running conditions occur when the
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vehicle engine, transmission and emission control technologies have reached their optimal operating
temperatures (e.g., engine coolant 75–90 ◦C, catalysts > 200–250 ◦C). For instance, in hot running and
real-world conditions, three-way catalysts are very effective in reducing engine-out emissions of CO,
HC, (organic) PM, and NOx substantially (emission reduction efficiency > 90%). As a consequence,
reduced catalyst efficiency due to cold starts has a large impact on vehicle emission levels.
There are different factors that contribute to cold start emissions and they differ in magnitude and
duration of impact. Elevated fuel consumption and air pollutant emissions in cold start conditions
are due to (1) reduced catalyst efficiency, (2) fuel enrichment in the engine combustion process, and
(3) lower fuel efficiency due to increased frictional losses in the engine and transmission systems.
The literature suggests that, at an ambient temperature of about 20 ◦C, hot running conditions should
generally be achieved for all relevant vehicle components (engine, transmission, catalyst) within 15 min
of driving. However, ‘light-off’ conditions for the catalyst and tight control of the air-to-fuel ratio,
which together largely determine the magnitude of cold start emissions, will be achieved much faster
than this, i.e., typically within a minute of engine start for modern vehicles and a maximum of a few
minutes for older technology vehicles [18].
It is thus important to identify true high emitters with technological issues, and not incorrectly
identify vehicles in cold start mode. It is, however, challenging to accurately determine if a vehicle is in
cold start mode in real-world driving conditions. In local emission (remote sensing) testing programs
it is generally (and often incorrectly) assumed that cold start emissions are not significant and can be
ignored [5].
Few researchers have attempted to determine which specific vehicles operate in cold start mode.
Monateri et al. [19] reported on the (manual) use of an infrared (IR) camera to measure the heat
signature of passing vehicles (exhaust, tires, and underbody) and determine if a vehicle is in cold
start mode.
Smit and Kingston [7] developed, tested, and used two independent methods to identify vehicles
operating in cold start mode. The first method assessed the likelihood that a particular measurement
site is impacted by cold start vehicles by tracking the journeys of individual vehicles using a network
of Bluetooth monitoring units at and around each measurement site. The second method analyzed the
thermal IR signatures of individual vehicles to identify those in cold start conditions and is used in this
study. A special test program [7] showed that the thermal signature of cold start vehicles is dark for
the first 1–2 min after engine start. After about 2 min of driving, the thermal signature of the vehicle
becomes visible. The IR signature has various components that light up varying from the exhaust
system, tires/brakes, and the thermal reflection that radiates from the underbody. The tires/brakes and
exhaust pipe (if visible) in particular appear to be good indicators for driving in cold start conditions.
Hot vehicles exhibit hot and clearly distinguishable wheels/brakes and exhaust systems, and regularly
an intense and bright reflection off the road surface. In contrast, cold vehicles will generally appear to
be dark and have the same or only slightly brighter IR reflection on the road.
After identification of the 52 high-emitters, date-time stamped heat signature images were
retrieved for analysis. The thermal images were then used to visually assess if a high emitting vehicle is
(likely) producing high emissions due to cold start conditions. Figure 5 (next page) shows an example
of two Euro 5 diesel LCVs that were identified as high emitters for CO but were assessed differently as
either a hot or a cold start vehicle.
The total sample size for this vehicle category (diesel Euro 5 LCV) is 870 vehicles. The vehicle
assessed as a cold start high emitter ranked as number 1 and had the highest z-score (4.3) and highest
recorded CO/CO2 ratio (0.11%/%). The vehicle assessed as a hot high emitter ranked a number 5 and
had a z-score of 3.9 and a recorded CO/CO2 ratio of 0.04%/%. Approximately 35% of the 52 identified
high emitters were assessed to be in cold start mode based on their thermal signature.
This implies that, in areas where a significant number of cold start vehicles are likely (e.g., urban
areas), a substantial portion of high emitting vehicles are potentially incorrectly identified by an RSD as
vehicles that require enhancements to significantly reduce emissions. The additional use of a thermal
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camera can then help to address this issue. If a thermal camera is not available for an RSD campaign,
an initial screening criterion for potential cold start mode interference could be a minimum distance
between residential address (if know from vehicle registration data) and RSD sampling site of at least a
few kilometers.
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It is finally noted that the number of high-emitters in the on-road fleet is typically small and
that their emissions are highly variable, more so than properly functioning vehicles [20]. In terms
of identifying high emitters and consideration of this variability, identification of the same vehicle
at multiple dates/times appears sensible before the owner is contacted and instructed to have the
vehicle repaired.
3.9. RSD Data Analysis: Trends in Vehicle NOx Emissions
The RSD reports concentration levels in the exhaust gas, i.e., CO2 (%), CO (%), HC (ppm), and
NO (ppm), corrected for water and excess oxygen not used in the combustion process. However, the
exhaust plume path length and the density of the observed plume are highly variable from vehicle to
vehicle and are a function of the height of the vehicle’s exhaust pipe, wind direction and speed, and
turbulence behind the vehicle, amongst other factors. The RSD can therefore only reliably measure
ratios of CO, HC, and NO to CO2. These ratios are assumed to be constant in a particular vehicle’s
exhaust plume. Due to the short time period involved in the measurement, this is expected to hold
true for reactive species such as NO as well. However, RSD data are naturally noisy and sufficiently
large sample sizes are required to obtain significant results.
Overseas studies have demonstrated poor real-world NOx performance of diesel passenger
cars, which have contributed to persistent NO2 air quality issues in many EU cities [21,22]. NOx
emission rates from diesel cars have not significantly reduced over progressive Euro standards [23].
They have also undergone a significant shift towards higher primary NO2 to NOx ratios, mainly due
to implementation of more effective PM emission control technologies, such as (combined) diesel
oxidation catalysts and catalyzed particulate filters. These mean ratios have changed from about 15%
for pre-Euro technology to almost 60% for Euro 4–6 technology cars, although ratios as high as almost
80% have been reported [4,24–27].
Primary NO2-to-NOx ratios are critically dependent on type of emission control technology used,
which explains the large observed variability in measured ratios [28,29]. In addition, there is some
evidence that larger (diesel) cars have higher NO2 emission rates [30] and that NO2-to-NOx ratios are
reduced as vehicles age [31].
It is therefore of interest to examine if the same behavior is observed in the Australian RSD data.
This is particularly relevant now as the Australian on-road fleet has experienced a strong increase in the
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sale of large diesel cars (SUVs) [32]. In addition, the current Australian (Euro 5 equivalent) emission
standards are likely to be in place until 2027, at which time Euro 6 standards will likely be introduced.
Although NO2 measurement has recently become a feature of remote sensing [30], remote sensing
studies have traditionally used RSDs that measure NO only, as is the case in this study. In contrast,
on-road or laboratory measurements, as well as emission factors used in vehicle emission predictions,
relate to the sum of NO and NO2 (i.e., NOx, expressed as NO2 equivalents). Direct use of NO data
from RSD would therefore result in an underestimation (bias) of RSD NOx emission rates. For petrol
vehicles this a less significant issue as petrol cars exhibit low NO2/NOx shares in the order of 5%, which
are approximately independent of emissions standard.
Therefore, a suitable adjustment factor is required to convert measured RSD NO data to an
estimate of NOx-to-CO2 ratios and properly account for primary NO2 emissions. The NOx-to-CO2
ratio is computed using the vehicle technology dependent mass fraction of NO2 in vehicle exhaust
(fNO2). Table 2 shows the reported fNO2 ranges in the literature and the selected fNO2 value for each
vehicle type and Euro class. The NOx-to-CO2 ratio is computed as NO/(1-fNO2), where NO is the
measured RSD NO-to-CO2 concentration ratio (ppbv/%).
Table 2. NO2 to NOx ratios: reported ranges * and selected values for this study.
Vehicle Class Euro Class Reported Range * Selected fNO2 for this Study
Petrol PC
pre-Euro 1–5 3
Euro 1 1–5 3
Euro 2 1–5 4
Euro 3 2–8 4
Euro 4 3–17 5
Euro 5 3–11 6
Diesel PC
pre-Euro 11–20 15
Euro 1 11–20 15
Euro 2 8–20 15
Euro 3 16–53 35
Euro 4 28–77 50
Euro 5 25–70 45
Petrol LCV/SUV
pre-Euro 4–5 4
Euro 1 4–5 4
Euro 2 4–5 4
Euro 3 3–5 4
Euro 4 3–5 4
Euro 5 3–5 4
Diesel LCV/SUV
pre-Euro 11–20 15
Euro 1 8–20 15
Euro 2 11–20 15
Euro 3 25–40 30
Euro 4 24–70 50
Euro 5 24–70 50
* Based on data presented in [5,24,25,27–29,31].
The RSD data were classified by vehicle category (e.g., vehicle type, fuel type, euro standard) and
vehicle specific power (VSP). VSP normalizes RSD data for ‘driving conditions’ and is commonly used
as an explanatory variable in emission simulation, particularly in the USA [33]. VSP (kW) is calculated
by the RSD using speed and acceleration for each individual vehicle. Six VSP bins were used to classify
the data. They are defined as VSP < 0 kW/(metric) ton, 0 ≤ VSP < 5 kW/ton, 5 ≤ VSP < 10 kW/ton,
10 ≤ VSP < 20 kW/ton, 20 ≤ VSP < 40 kW/ton, and VSP ≥ 40 kW/ton. It is noted that other researchers
have used a larger number of VSP bins, e.g., 14 bins [34] and 2 kW/ton bins [30]. However, NIWA [5]
found that the difference between a 6 or 14 bin classification is not statistically significant when the
variability in the RSD emissions data is considered. The six bins and their boundaries use a logical
distinction in driving behavior and generally ensure a sufficient sample sizes for each bin [4].
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Figure 6 shows the comparison of NOx-to-CO2 ratios for petrol and diesel cars, SUVs and LCVs.
Colored bars reflect measured data and color intensity is used to show the sample size for each
VSP-Euro class bin. The estimated NO2 portion is shown in grey. Single vehicle measurements (n = 1)
were removed and are not presented. It is noted that Australian emissions legislation did not adopt
Euro 3 for diesel LDVs; therefore, it is not included in Figure 6.Atmosphere 2019, 10, x FOR PEER REVIEW 14 of 17 
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Figure 6 shows a consistent pattern of reduction in NOx-to-CO2 ratios for petrol LDVs across all
VSP bins, with more recent technology vehicles (Euro 3+) exhibiting relatively low NOx emissions.
In contrast, diesel LDVs generally show stabilizing or even increasing NOx-to-CO2 ratios, which
confirms that the NOx emission issues with diesel vehicles in Europe are similarly observed in Australia.
The difference in real-world CO2 emissions between petrol and diesel cars has become smaller
over time with Euro 1 diesel LDVs emitting about 5% less CO2 per km of driving, reducing to a
negligible difference for Euro 5(+) LDVs [35]. Accounting for the difference in CO2 emissions, it is clear
that the gap in real-world NOx emissions between diesel and petrol LDVs has increased substantially
with progressive emission standards. The ratio of diesel to petrol NOx emissions for Euro 2 technology
was about 0.6–0.7, which means that diesel LDVs had, on average, approximately 30–40% lower NOx
emissions than petrol LDVs.
However, for Euro 4 and 5 technology the picture is very different. Euro 4 diesel LDVs emit
approximately a factor of 10 (LCVs), 16 (cars) and 27 (SUVs) more NOx per km than the corresponding
petrol LDVs. Euro 5 diesel LDVs emit approximately a factor of 15 (LCVs), 12 (cars) and 23 (SUVs)
more NOx per km than the corresponding petrol LDVs.
The evidence suggests that Australia is potentially heading for local air quality issues near roads
that are similar to Europe, due to a combination of compounding factors. First, this study confirms poor
NOx emissions performance of Euro 4 and 5 diesel LDVs in Australia, which is in line with extensive
research regarding the European on-road fleet. Second, the issue is compounded by a continued and
strong increase in LDV dieselization of the Australian fleet and SUV sales. Third, there is no (clear) plan
to implement Euro 6 emission standards in Australia, which means that the sale of Euro 5 technology
LDVs is allowed to continue, potentially until 2027. These factors combined will lead to an increasing
proportion of high-NOx emission vehicles in the on-road fleet. Fourth, Australia will likely adopt
significantly more stringent NO2 air quality criteria in 2020 and 2025, potentially surpassing current EU
criteria. At this stage it is proposed that the current NO2 criterion (annual) of 62 µg/m3 will reduced to
39 and 31 µg/m3 in 2020 and 2025, respectively, a reduction of 37% and 50%. The current annual EU air
quality standard is 40 µg/m3. The short term NO2 criterion (99.7P) of 250 µg/m3 is also proposed to be
reduced to 185 and 164 µg/m3 in 2020 and 2025, respectively, a reduction of 26% and 34%. The current
short-term EU air quality standard (99.8P) is 200 µg/m3. This development increases the risk of local
air quality exceedances near busy roads.
4. Conclusions
This paper discussed and presented selected results from a short but comprehensive on-road
emission measurement program conducted in Brisbane, Australia. The study used and combined a
range of instruments that measured vehicle emissions (on-road and dynamometer), on-road air quality,
traffic activity and performance at the measurement sites, vehicle journeys in the vicinity of the sites
(vehicle tracking), on-road vehicle thermal profiles, and license plate recognition.
The results show that supplementing RSD equipment with additional equipment can generate
certain benefits; it can significantly increase sample size (e.g., LPN camera, loop detectors) and provide
useful new information that assists in the analysis of on-road emissions data (e.g., thermal imaging
camera, MAC address units, loop detectors).
Use of the second LPN camera and loop detectors increased RSD capture rate with almost 10%
and may reduce bias in RSD measurements by better capturing older dirtier and/or smoky vehicles.
The second camera can also be used as a cheap and independent vehicle count device. Post-processing of
data from both the LPN camera and loop detectors is required to obtain useful and accurate information.
This paper has presented a method to identify vehicles with excessive emission levels (high
emitters), as measured with the remote sensing device (RSD). The first step is to apply an anomaly
detection method based on a statistical data transformation and standardization technique. Using this
method, 0.6% of the vehicles in the full (enhanced) RSD dataset (n = 8991 vehicles) were identified as
high emitters. The second step was to examine thermal profiles for the identified vehicles to assess
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if measured high emission levels could be caused, at least to some extent, by cold start operating
conditions. A special test program was conducted to associate key factors in a thermal profile (e.g.,
tires/brakes, exhaust pipe, underbody) with time since engine start. Analysis of the thermal IR
signatures of the individual vehicles showed that approximately 35% of the high emitters are likely in
cold start mode. This implies that, in areas where a significant number of cold start vehicles are likely
(e.g., urban areas), a substantial portion of high emitting vehicles are potentially incorrectly identified
by an RSD as vehicles that require enhancements to significantly reduce emissions. The additional use
of a thermal camera can then help to address this issue.
Analysis of NOx RSD data confirms that poor real-world NOx performance of Euro 4/5 diesel
passenger cars and LCVs observed around the world is also evident in the Australian measurements.
The evidence suggest that Australia is potentially heading for local air quality issues near busy roads,
similar to Europe, due to a combination of compounding factors. These compounding factors are a
continued and strong increase in LDV dieselization of the Australian fleet, no (clear) plan to implement
Euro 6 emission standards in Australia, and adoption of significantly more stringent NO2 air quality
criteria in Australia in 2020 and 2025, potentially surpassing current EU criteria.
The data used in this study was generated in a short but intensive measurement campaign. It would
be interesting to see if the findings in this study are confirmed in other (larger) programs. In particular
the use of thermal profiling in combination with high emitter detection could be further tested and
explored. The feasibility of full automation of this process can be further explored. A limitation of this
study is that NO2 emissions had to be estimated as the RSD we used did not include NO2 measurement.
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